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This study includes a global sensitivity analysis of the water productivity model AquaCrop. The study
rationale consisted in a comprehensive evaluation of the model and the formulation of guidelines for
model simpliﬁcation and efﬁcient calibration. The global analysis comprehended a Morris screening
followed by a variance-based Extended Fourier Amplitude Sensitivity Test (EFAST) under diverse envi-
ronmental conditions for maize, winter wheat and rice. The analysis involved twenty-two different
climate-crop-soil-meteorology combinations. The main objectives were to distinguish the model’s
inﬂuential and non-inﬂuential parameters, and to examine the yield output sensitivity. For the AquaCrop
model, a number of non-inﬂuential parameters could be identiﬁed. Making these parameters ﬁxed
would be a step towards model simpliﬁcation. Also, a list of inﬂuential parameters was identiﬁed. Despite
the dependence of parameter ranking on environmental conditions, guiding principles for priority pa-
rameters were formulated for calibration in diverse conditions, valuable to model users. For this model
that focuses on modelling yield response to water, parameters describing crop responses to water stress
were not often among those showing highest sensitivity. Instead, particular root and soil parameters,
relevant in the determination of water availability, were inﬂuential under various conditions and merit
attention during calibration. The considerations made in this study about sensitivity analysis method
(Morris vs. EFAST), prior parameter ranges, target functions and ranking variation according to envi-
ronmental conditions can be extrapolated to other conditions and models, if done with the necessary
precaution.
 2013 Elsevier Ltd. All rights reserved.
1. Introduction
To understand the interplay between environmental and
management conditions and crop growth, models are appro-
priate tools, more than ever in relation to global changes. Being a
mathematical representation of natural processes, the model’s
equations and parameterization inevitably entail assumptions
and simpliﬁcations of reality, which leads to output uncertainty
and inaccuracy (Saltelli et al., 2000). A sensitivity analysis (SA)
quantiﬁes the inﬂuence of each uncertain factor (parameter or
driving variable) on the model’s output variability and is a key
step in understanding the model behaviour in response to
changes in these factors (Cariboni et al., 2007; Confalonieri et al.,
2010a). The SA is useful to identify (i) low-impact parameters
that may be converted to ﬁxed values to simplify the model, (ii)
high-impact parameters to concentrate on during calibration or
guide management strategies and agriculture policy, and (iii)
model imbalance when few parameters have a relevance that is
signiﬁcantly higher than others (Cariboni et al., 2007;
Confalonieri, 2010; Refsgaard et al., 2007). Subjection of crop
models to global SA is essential (Jakeman et al., 2006), yet not
common practice and if done often limited to a few parameters
or one climate-year setting (Confalonieri, 2010; Confalonieri
et al., 2010a; Makowski et al., 2006; Richter et al., 2010). SA re-
sults depend on environmental conditions for which the model is
run, such as different climate regions, soil types and dry-normal-
wet precipitation conditions. Thus, altering the environmental
conditions is crucial to examine the model’s general sensitivity
(Confalonieri et al., 2010a, 2010b).
Abbreviations: (E)FAST, (Extended) Fourier Amplitude Sensitivity Test; ETo,
reference evapotranspiration; GDD, growing degree days; SA, sensitivity analysis;
TAW, total available water content of the soil.
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 Yield output variability of AquaCrop tested with global Morris and EFAST techniques 
 Morris and EFAST give similar but not identical results 
 Sensitivity rankings depend on environment, target output and prior parameter range 
 Guidelines for priority parameters given for calibration in specific settings 
 Non-influential AquaCrop parameters identified to be fixed for model simplification 
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Abstract 
This study includes a global sensitivity analysis of the water productivity model AquaCrop. 
The study rationale consisted in a comprehensive evaluation of the model and the formulation 
of guidelines for model simplification and efficient calibration. The global analysis 
comprehended a Morris screening followed by a variance-based Extended Fourier Amplitude 
Sensitivity Test (EFAST) under diverse environmental conditions for maize, winter wheat and 
rice. The analysis involved twenty-two different climate-crop-soil-meteorology combinations. 
The main objectives were to distinguish the model’s influential and non-influential 
parameters, and to examine the yield output sensitivity. For the AquaCrop model, a number of 
non-influential parameters could be identified. Making these parameters fixed would be a step 
towards model simplification. Also, a list of influential parameters was identified. Despite the 
dependence of parameter ranking on environmental conditions, guiding principles for priority 
parameters were formulated for calibration in diverse conditions, valuable to model users. For 
this model that focuses on modelling yield response to water, parameters describing crop 
responses to water stress were not often among those showing highest sensitivity. Instead, 
particular root and soil parameters, relevant in the determination of water availability, were 
influential under various conditions and merit attention during calibration. The considerations 
made in this study about sensitivity analysis method (Morris vs. EFAST), prior parameter 
ranges, target functions and ranking variation according to environmental conditions can be 
extrapolated to other conditions and models, if done with the necessary precaution. 
 
Keywords 
global sensitivity analysis; AquaCrop model; priority parameters; model simplification; 
Morris; EFAST 
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1 Introduction
1
 
To understand the interplay between environmental and management conditions and crop 
growth, models are appropriate tools, more than ever in relation to global changes. Being a 
mathematical representation of natural processes, the model’s equations and parameterization 
inevitably entail assumptions and simplifications of reality, which leads to output uncertainty 
and inaccuracy (Saltelli et al., 2000). A sensitivity analysis (SA) quantifies the influence of 
each uncertain factor (parameter or driving variable) on the model’s output variability and is a 
key step in understanding the model behaviour in response to changes in these factors 
(Cariboni et al., 2007; Confalonieri et al., 2010a). The SA  is useful to identify (i) low-impact 
parameters that may be converted to fixed values to simplify the model, (ii) high-impact 
parameters to concentrate on during calibration or guide management strategies and 
agriculture policy, and (iii) model imbalance when few parameters have a relevance that is 
significantly higher than others (Cariboni et al., 2007; Confalonieri, 2010; Refsgaard et al., 
2007). Subjection of crop models to global SA is essential (Jakeman et al., 2006), yet not 
common practice and if done often limited to a few parameters or one climate-year setting 
(Confalonieri, 2010; Confalonieri et al., 2010a; Makowski et al., 2006; Richter et al., 2010). 
SA results depend on environmental conditions for which the model is run, such as different 
climate regions, soil types and dry-normal-wet precipitation conditions. Thus, altering the 
environmental conditions is crucial to examine the model’s general sensitivity (Confalonieri et 
al., 2010a; Confalonieri et al., 2010b). 
Typically, local and global SA techniques are distinguished (Cariboni et al., 2007; Saltelli 
et al., 2000). A local SA investigates the effect of changes in one parameter on the model 
output while all the other parameters are fixed to an arbitrary value (Cariboni et al., 2007). 
Local methods are criticized for being unsuitable for non-linear models (Saltelli and Annoni, 
2010). A global SA examines the average response of the model output when all parameters 
are varied within a defined range. This powerful technique considers parameter interactions or 
non-linear responses but requires repeated model evaluations for parameter values varying 
over the parameter space and is thus computationally demanding (Cariboni et al., 2007; 
Elsawwaf et al., 2010; Saltelli et al., 2000). Different global SA techniques exist, among 
which screening methods and variance-based methods that were used in this study. The 
screening method proposed by Morris (1991) identifies a limited set of influential parameters 
                                                 
1
 Abbreviations: (E)FAST: (Extended) Fourier Amplitude Sensitivity Test; ETo: reference evapotranspiration; 
GDD: growing degree days; SA: sensitivity analysis; TAW: total available water content of the soil 
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among all model parameters. A variance-based method decomposes the model output variance 
according to the influence of each contributing parameter (Cariboni et al., 2007; Willems, 
2012). It determines not only the individual effect of a parameter but also quantifies potential 
interactions among parameters. Different techniques within the variance-based methods 
distinguish themselves by the way the parameter space is sampled.  
In this study, a global SA was conducted for the first time for the process-based, multi-crop 
simulation model, AquaCrop, assuming diverse environmental conditions. The model has 
been validated for different crops in diverse environments (e.g. Geerts et al., 2009; Heng et 
al., 2009; Hsiao et al., 2009; Tsegay et al., 2012) and is broadly used to develop (deficit) 
irrigation schemes or management strategies to improve food security (e.g. Abrha et al., 2012; 
Andarzian et al., 2011; Zinyengere et al., 2011) but a global SA has never been performed. 
The objectives of this study were (i) to distinguish influential and non-influential model 
parameters and (ii) to examine the yield output sensitivity of the AquaCrop model to changes 
in crop and soil parameters for three important crops (maize (Zea mays L.), winter wheat 
(Triticum aestivum L.) and rice (Oryza sativa L.)) in diverse environments and under a variety 
of meteorological conditions. The identification of influential parameters contributes to 
recognize important parameters for model calibration. The identification of non-influential 
parameters contributes to recognize parameters that can be fixed for model simplification. 
 
2 Materials & methods 
Yield output uncertainty caused by crop and soil parameter values was considered. The 
analysis was performed using long term weather data of years with different meteorological 
characteristics (e.g., wet, normal, dry years) for different regions including a temperate 
maritime climate in Western Europe, a sub-tropical sub-humid climate in Southern Africa and 
a sub-tropical humid climate in Southeast Asia. The Morris screening method (Morris, 1991) 
was applied for identification of the most influential parameters. First- and higher-order 
effects of these most influential model parameters on the selected model output were 
quantified using the Extended Fourier Amplitude Sensitivity Test method (EFAST; Saltelli et 
al., 1999). 
 
2.1 Crop simulation model 
AquaCrop is a water productivity model that simulates aboveground biomass production in 
exchange for water transpired by the crop (Steduto et al., 2009). The model can be run in two 
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modes, i.e. thermal or calendar time. For this study, model version 3.1+ was run in thermal 
time. A brief description of the AquaCrop model follows, provided that the model procedures 
are completely described by Raes et al. (2009).  
The model requires local weather data (precipitation, minimum and maximum temperature, 
reference evapotranspiration (ETo)) to simulate daily crop growth and development. The crop 
canopy development and phenology are driven by temperature. The canopy cover determines 
the amount of water transpired by the crop. Cumulative biomass production is obtained via 
summation of the daily ratio of crop transpiration and ETo during the period when biomass is 
produced. The proportional factor between biomass and standardized transpiration is the 
water productivity (WP*):  
 











n
1i i
i
n
ETo
Tr
*WPB      (Eq.1) 
 
 where Bn is the cumulative aboveground biomass production after n days (g m
−2
); Tri is the 
daily crop transpiration (mm day
−1
); EToi is the daily reference evapotranspiration (mm 
day
−1
); i = 1..n are the sequential days of the period when Bn is produced; WP* is the 
normalized crop water productivity (g m
−2
). 
 
 Yield is the product of the final biomass multiplied by the harvest index (Raes et al. 2009). 
Crop responses to water stress are introduced through stress coefficients to consider altered 
canopy development, transpiration and harvest index development due to limited water 
availability. Additionally, temperature limitations on biomass production and pollination are 
considered.  
Model version 3.1+ uses 53 crop and soil parameters. 43 parameters, excluding the binary 
parameters for crop classification, were selected for this sensitivity study (Table 1).  
The evaluated model output was the crop yield at physiological maturity. It is a 
representation of the culmination of all crop growth processes, in function of soil and climate 
characteristics, and as such the combined result of all crop and soil parameters of the model.  
 
2.2 Study sites and crops 
To examine AquaCrop’s general sensitivity, the SA was run under different environmental 
conditions. Crop growth was simulated for three diverse climate types under rainfed 
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conditions with unlimited nutrient supply and in absence of weeds and pests. Within each 
climate type, additional differentiation was made based on assumed water availability in dry, 
normal and wet growing seasons or on soils with a relatively high and low total available 
water (TAW) content. Selected crops, soils and meteorological conditions for each of the 
studied climates are summarized in Table 2. Twenty-two different climate-crop-soil-
meteorology combinations were made.   
Weather inputs were collected from local weather stations in the selected regions. For all 
climates, daily precipitation was available. For Belgium, also temperature and ETo were 
available on a daily basis. For Vietnam and Malawi, mean monthly temperature and ETo were 
used as model input. By means of an interpolation procedure (Gommes, 1983), daily 
maximum and minimum air temperatures are derived in AquaCrop at run time. Dry (80% 
probability of exceedence), normal (50% probability of exceedence) and wet (20% probability 
of exceedence) growing seasons (as identified in Table 2) were identified by a frequency 
analysis performed on a series of at least 30 years of seasonal precipitation data. Typical 
sowing dates and crop cultivars for the respective regions were used.  
 
2.3 Sensitivity analysis techniques 
The Morris method (Morris, 1991) was used as a screening method before the global SA 
method EFAST (Saltelli et al., 1999) was applied. The screening allows to conveniently 
distinguish between influential and non-influential parameters in a first step (Campolongo et 
al., 2007). The latter can then be kept invariable and omitted from subsequent, more 
computational expensive methods, including variance-based methods. This combinatorial 
approach has been applied successfully in other studies (e.g. Sun et al., 2012). All analyses 
were performed using the SA Toolbox Eikos for Matlab (Ekström, 2005). Starting from the 
chosen parameter ranges (see section 2.3.1), different combinations of parameter values were 
generated using the sampling techniques described below in sections 2.3.2 and 2.3.3. The 
response of the yield output to variability in the model parameters was analyzed.  
 
2.3.1  Parameter ranges 
Parameters were assumed to be independent from each other. For each parameter, parameter 
ranges were determined (Appendix Table A.1). Most model parameters have a physical 
meaning and parameter ranges were chosen, based on literature review, such that the values of 
these parameters would be physically plausible. Ranges of parameters that did not have a 
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clear physical meaning (i.e. shape factors describing the curvature of relations between 
parameters, pexshp, psenshp, pstoshp, rtshp; or parameters describing the effect of water 
stress on the harvest index, hingsto, hipsveg) were constructed with the absolute minimum 
and maximum values that delimited the parameter range in the model. Uniform parameter 
distributions were assigned to all parameters because initial information on distribution was 
limited. With uniform distributions it was avoided to specify unrealistically informative priors 
and to distort the results. The assumption of uniformity is justified because the sensitivity of 
the output depends primarily on the assigned parameter range rather than on the parameter 
distribution (Helton, 1993). 
 
2.3.2  Morris 
The Morris method (Morris, 1991) was used to identify a subset of influential parameters 
among the large set of all model parameters. This screening method computes for each 
parameter the elementary effect (di) of individual parameter changes on the output according 
to Eq.2:  
  
  


  k1ii1i1kii
x,...,x,x,x,...,xy
,x,...,xd           (Eq.2) 
 
where y(X) is the model output; X = (x1, …, xk) is the k-dimensional parameter vector; Δ is a 
delta is a predetermined multiple of 1/(p - 1); and p is the number of levels corresponding to 
quantiles of the parameter distribution. For rice on a two-layered soil, k = 47. For all other 
crop-soil combinations, k = 43 in this study 
 
The method samples values of X from the parameter hyperspace and derives the mean (µ; 
overall influence) and standard deviation (σ; higher order effects) of all elementary effects. As 
proposed by Campolongo et al. (2007), the mean of the absolute values of the elementary 
effects (µ*) was determined in this study. Relatively large µ* values indicate influential 
parameters, whilst relatively large σ values indicate interaction with other parameters or non-
linearity in the model response. For this study, a threshold value of µ* = 0.25 t·ha
-1
 was 
considered in the Morris analysis of each climate-crop-soil-meteorology combination to select 
a subset of influential parameters that would be subsequently subjected to EFAST (see 2.3.3). 
The threshold value was considered to be a reasonable value for deviations on the final yield 
in yield assessment studies.  
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The main advantage of the Morris screening method is its low computational cost. In this 
study, 1100 (1200 for rice on a 2-layered soil) model runs per climate-crop-soil-meteorology 
combination were performed, according to a Morris analysis with 25 trajectories (i.e. measure 
for the intensity with which the parameter space is explored), 8 levels and 43 (47 for rice on a 
2-layered soil) parameters. The total number of simulations was 24500.  
The number of trajectories (25) would not result in completely stable results. However, the 
ranking achieved with 25 trajectories was similar to the ranking achieved with 400 
trajectories; i.e. high-, mid- and low-ranked parameters could be correctly distinguished. 
Considering the balance between computational requirement and desired results, and given 
the fact that in this study the Morris method was applied as a screening method to select the 
most influential model parameters to be subsequently subjected to the EFAST method, 25 
trajectories were considered sufficient (section 5.1 further discusses this).  
 
2.3.3  EFAST 
Based on the Morris analysis, subsets of influential parameters (µ* > 0.25 t·ha
-1
) for the 
different conditions were selected to run the EFAST analyses for each climate-crop-soil-
meteorology combination. The original Fourier Amplitude Sensitivity Test (FAST; Cukier et 
al., 1978) was developed to estimate the contribution of individual input factors to output 
variance. The Extended FAST (EFAST; Saltelli et al., 1999) also addresses higher-order 
interactions between the input factors. EFAST is a variance-based method, which decomposes 
the total output variance V(Y) to estimate the influence of individual parameters, using Eq.3:  
 
   


mji1
m...12ij
m
1i
i V...VVYV       (Eq.3) 
 
where Vi = V[E(Y/xi)] measures the main effect for each parameter xi with  E(Y/xi) the 
expectation of Y conditional on a fixed value of xi; and Vij to V1…m the interactions among m 
parameters. In this study, m varied between 12 and 27 according to the climate-crop-soil-
meteorology combination.  
 
Two sensitivity indices can be computed for each parameter, i.e. the main (or first-order) 
index (Si) and the total sensitivity index (including higher-order effects) (STi). Si, given in 
Eq.4, measures the effect contribution of a single parameter on the output variance whilst STi, 
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given in Eq.5, considers also the interactions among parameters. A major advantage of 
(E)FAST compared to the Morris analysis is that (E)FAST calculates interaction effects 
without mixing  them with non-linear effects (Saltelli et al., 1999). Si and STi range between 0 
and 1, with higher values indicating more important effects. If the sum of the first-order 
effects differs from the sum of the total sensitivity effects, interactions between parameters 
exist.  
 
 
 YV
V
S ii            (Eq.4) 
 
 
 
 YV
VYV
ST ii
         (Eq.5) 
 
where V-i is the sum of all the variance terms that do not include the index i.  
 
EFAST distinguishes itself from other variance-based methods in the way the m-dimensional 
parameter space is explored, i.e. with a search curve defined by a set of parametric equations 
described in Eq.6:  
 
 
  



ssinarcsin
2
1
x ii         (Eq.6) 
 
where s is a scalar ranging between -π and π; ωi (i = 1,...,n) is the frequency associated with 
the parameter xi.   
 
Saltelli et al. (1999) suggested optimal values of ωi  between 16·Nr and (16·Nr + 48·Nr) where 
Nr is the number of search curves within the hyperspace. A single ωi is given a high value (in 
this SA, ωmax was 50) while the remaining variables are assigned low values. Nr, the number 
of different search curves within the hyperspace and the number of times the EFAST 
algorithm is repeated each time with a random phase shift (Saltelli et al., 1999),was 3 in this 
SA. Per search curve, the number of model runs was 401. The total number of model runs per 
climate-crop-soil-meteorology combination can be computed with Eq.7 and varied (according 
to the numbers of parameters subjected to the EFAST analysis) between 14436 (for 12 
parameters) and 32481 (for 27 parameters).  
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  18NmN maxr         (Eq. 7) 
 
where N is the total number of simulations per climate-crop-soil-meteorology combination; m 
is the number of parameters subjected to the EFAST analysis; Nr is the number of search 
curves within the hyperspace, i.e. 3; and ωmax is the maximum frequency, i.e. 50. 
 
3 Software availability 
The water productivity model AquaCrop (Steduto et al., 2009; Raes et al., 2009) was recently 
developed by the Land and Water Division of FAO and is since 2009 freely available online 
(http://www.fao.org/nr/water/aquacrop.html). 
 
4 Results  
4.1 Morris 
Fig. 1 displays the average strength (µ*) and spread (σ) of the yield response to changes in the 
model parameters for different environmental conditions following the Morris analyses. 
Results for different crops and climate types are given in different sub-graphs. Error bars 
visualize the response variability for different meteorological and/or soil conditions. A single 
parameter (anaer) had a disproportional effect on the yield variability of rice (µ* > 4 t·ha
-1
). It 
was decided to fix the parameter to 0 (i.e. fully tolerant to anaerobic conditions in flooded 
fields) for the remaining analyses to explore the effect of the other parameters. All results 
shown for rice are for an invariable value of anaer. 
µ* and σ varied between 0.0 and 7.3 t·ha-1 for parameter changes within the predefined 
ranges. 19 parameters had an effect below 1.0 t·ha
-1
 under all explored conditions. Ranking 
and relevance of influential parameters were dependent on climate type and crop. Whilst only 
three parameters had a major effect on the yield variability of rice in a sub-tropical humid 
climate, around 10 parameters had major effects for the other crops and climates. Maize yield 
simulation in a sub-tropical sub-humid climate was more sensitive to parameter changes 
within the predefined ranges with mean effects (µ*) up to 7.3 t·ha
-1
 versus more limited yield 
change of around 3.0 t·ha
-1
 for the other climate types and crops. Except for rice, the error 
bars in Fig. 1 indicate that also within a particular climate type, parameter relevance differs 
 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 
11 
 
according to prevalent meteorological and/or soil characteristics, indicators for water 
availability.  
The Morris results (Fig. 1) provided a first assessment of the most influential model 
parameters. For rice in a sub-tropical humid climate (Fig. 1a), selected parameters describing 
crop development and water productivity are influential. For maize in a sub-tropical sub-
humid climate (Fig. 1b), selected soil parameters and crop parameters describing senescence 
and root development show important effects. In a temperate maritime climate (Fig. 1c-d), 
selected soil parameters and crop parameters describing canopy development, water 
productivity and cold stress are most influential.  
Parameters with a low but non-negligible impact (0.25-1.0 t·ha
-1
) that are common for all 
conditions included den, flolen, hi, hingsto, hipsflo, hipsveg, kc, psto, pstoshp and sat. These 
are completed with another 10 or more parameters with low effect depending on the 
prevailing environmental conditions. Parameters with a negligible impact (< 0.25 t·ha
-1
) under 
all environmental conditions are evardc, exc, hinc, pexup, polmn, polmx, ppol, rtexup and 
rtexlo. 
Fig. 1 shows that not a single parameter is very influential while the others have much less 
influence. Only in case anaer is considered (affecting crop transpiration under water logged 
conditions for rice simulations), this single parameters showed to be the major influential one. 
Although water logging affects crop transpiration of other crops, anaer has a negligible effect 
for the other climate types and crops tested.  
Although the Morris analysis could not quantify the contribution of interaction effects to 
the total effect, the relatively high spread (σ) on the Y-axes in Fig. 1 highlights between-
parameter interactions and non-linear effects on the model output. For a more quantitative 
summary, the EFAST analysis was performed on selected model parameters.  
 
4.2 EFAST 
Based on the Morris analysis results, EFAST analyses were run with subsets of influential 
parameters (µ* > 0.25 t·ha
-1
) for the different environmental conditions. Sensitivity indices 
were calculated for their individual first-order (Si) and total (STi; first-order plus interactions 
of higher order with other parameters) effects. For rice in a sub-tropical humid climate (Fig. 
2a), EFAST confirmed that cdc, ccx and wp are the most influential parameters. Their 
individual effects (Si) account for 65% of the output variability (i.e. ∑ STi, the sum of all – 
including interaction – effects). Limited interaction between parameters was detected and 
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meteorological conditions have no effect on parameter relevance or ranking.  
For maize in a sub-tropical sub-humid climate (Fig. 2b-d), parameter interactions account 
for a large part of the total variance. Parameters involved in root development (rtx, rtshp, 
root) and soil parameters (cn, pwp, fc) have the highest individual and total sensitivity indices. 
All together, these parameters account for 8 to 28% of the output variability. Yet, their 
individual effect is never higher than 6% of the output variability, indicating the importance of 
non-linearity and interactions between parameters. Under conditions of normal precipitation 
probability (Fig. 2c), eme has the highest total effect. This was due to precipitation 
distribution characteristics, which had an effect on the crop establishment at the start of the 
season. If rainfall is poorly distributed, the time needed for the crop to establish (eme), 
particularly in interaction with other parameters, is highly relevant and distinguishes between 
crop failure and survival.  
For maize in a temperate maritime climate (Fig. 2e-l), parameter relevance depends on 
meteorological and soil characteristics. The five most influential parameters account for 24 to 
76% of the output variability, with a higher share with lower interaction effects. In the 
temperate climate, parameters involved in the process of canopy development (cdc, cgc, ccx) 
are often important. Also stbio is an influential parameter, in contrast with the maize 
simulation in a sub-tropical sub-humid climate. Under wet and cold conditions (Fig. 2e and 
2i), the importance of mat is remarkable while the effect of other parameters is mainly limited 
to interactions with mat. If mat has a high value and temperatures are low, maturity cannot be 
reached in the simulations, which impedes full development of the harvest index and has a 
high impact on final yield. In the temperate maritime climate, interactions are more important 
on loamy sand than on a siltloam soil. 
For winter wheat in a temperate maritime climate (Fig. 2m-t), many parameters had an 
equivalent effect on the output variance, among which parameters describing canopy 
development (ccs, ccx, cgc, sen), water productivity (wp) and cold stress (stbio). On a loamy 
sand soil (Fig. 2q-t), selected root and soil parameters (rtx, pwp, fc) were also influential.  
  
5 Discussion 
The presented results are being discussed in a wider context with the aim to render the study 
results general and also relevant for users of other models. Extrapolation of the 
methodological conclusions of this case study of the AquaCrop model to other models should 
always be done with care.  
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5.1 The SA method: Morris versus EFAST 
For all conditions, the order of the Morris ranking was not exactly identical to the order of the 
EFAST ranking. This was partly due to the relatively low number of trajectories in the Morris 
analysis (25), which did not suffice to end with completely stable Morris rankings. Yet, the 
distinction between influential and non-influential parameters was stable for 25 trajectories.  
The convergence of the Morris sensitivity ranking and mean effect values (µ*) was tested 
by gradually increasing the number of trajectories. Figure 3 shows an example of the 
evolution of µ* for 25, 100, 250 and 400 trajectories. The results are shown for maize in 
Belgium in a wet-cold year on a siltloam soil, only for the three most influential parameters. 
The variation among five random sets of runs with the same number of trajectories is 
visualized by presenting the minimum, the average and the maximum µ* among these five 
sets for the parameter of interest. From Figure 3, it is clear that for 25 trajectories the Morris 
ranking and µ*-values are not yet stable. The more trajectories are taken, the more stable 
becomes the ranking and the more converge the µ*-values.  
In this SA, the Morris analysis was performed to screen for the top most influential 
parameters before the application of a more advanced, but also more computational 
demanding SA method. Considering this specific goal, the Morris rankings did not have to be 
completely stable as long as the distinction between influential and non-influential parameters 
(which was arbitrarily set at 0.25 t·ha
-1
) was stable. After that premise of a stable distinction 
between influential and non-influential parameters was checked, preference was given in this 
study to run the Morris analysis with only 25 trajectories to reduce the computational cost and 
time of the screening. 
Returning to the comparison between Morris and EFAST rankings, Figures 1 and 2 show 
that individual positions in the rankings could differ between Morris and EFAST. 
Notwithstanding these differences, the situation of parameters in the higher, middle or lower 
part of the ranking mostly corresponded between both methods. Only for maize in Belgium, 
the situation of a number of parameters did not match between Morris and EFAST. The 
mismatches were apparent in two directions. Parameters that were classified by Morris as 
being influential could be classified as non-influential by EFAST; and vice versa, parameters 
that were classified by Morris as having limited influence (in the middle of the ranking) could 
be classified by EFAST as highly influential (at the top of the ranking). Disparities between 
Morris and more advanced SA methods, like EFAST or the Sobol’ method, were reported 
before (e.g. Campolongo and Saltelli, 1997; Shin et al., 2013) while in other reports the 
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similarity between both methods is emphasized (e.g. Ciric et al 2012; Confalonieri et al., 
2010a; Drouet et al., 2011; McNally et al., 2011).  
 
5.2 Prior parameter ranges 
An important – and difficult – aspect of a global SA is to determine the prior parameter ranges 
and distributions (Helton, 1993; Punt and Hilborn, 1997; Francos et al., 2003; Shin et al., 
2013; Wang et al., 2013). The choice for these prior ranges and distributions should depend on 
the goal of the study, and on the time, resources and initial information available (Helton, 
1993). It is known that the chosen parameter ranges can affect the relative and absolute 
sensitivity ranking of the considered parameters, as well as the ranking of other model 
parameters (Shin et al., 2013; Wang et al., 2013). In the present study under diverse realistic 
conditions, parameter value ranges were chosen to be physically plausible following 
suggestions by among others Shin et al. (2013). Parameter value ranges were based on 
relevant expert information described in literature. If a parameter had no clear physical 
meaning (e.g. parameters describing the shape of a response curve), the parameter range was 
taken very broad to explore this dimension of the parameter space completely: from the 
minimum possible to the maximum possible parameter value in the model. All parameter 
distributions were assumed uniform (see section 2.3). This was justified by the finding that 
sensitivity results depend generally less on assumed prior parameter distributions than on the 
value ranges chosen (Helton, 1993).   
Still, it is important to recognize that the results of this SA – as inevitably of all global SA 
– are conditional on the assumptions made for both prior parameter ranges and distributions 
(Helton, 1993). The uncertainty in sensitivity due to prior parameter ranges was not explicitly 
characterized as was done by Wang et al. (2013) with realistic ranges for the WOFOST crop 
model parameters. Yet, the results of this SA are not biased by implausible model realisations, 
for which Shin et al. (2013) warn, because the parameter ranges were based on physically 
plausible values or cover a whole dimension of the parameter space. 
Following from the influence of prior parameter ranges on sensitivity rankings, it can be 
questioned what the causal factor is for the ranking differences between climate-crop-soil-
meteorology combinations in this SA. Indeed, parameter ranges for certain crop- or soil-
specific parameters differ between climate-crop-soil-meteorology combinations. Differences 
in sensitivity ranking among these  climate-crop-soil-meteorology combinations may thus be 
related either to differences in parameter ranges or to the differing environmental conditions 
themselves. Still, because parameter ranges have physiological meaning, these factors are also 
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highly interwoven. 
 
5.3 Target function 
For this SA, the target function chosen was the simulated final yield. This chosen target 
function is the culmination of all growth processes and therefore a very relevant and valid 
target output for the crop model’s users. But it can be of interest to explore the sensitivity of 
other model outputs, e.g. crop transpiration, to the model parameters. This would inevitably 
result in other sensitivity rankings as other sub-processes get higher emphasis.  
Another option is to focus on an objective function instead of a prediction function (which 
in this study was yield) (Shin et al., 2013). An objective function measures the agreement 
between simulated and observed values. Shin et al. (2013) for example use the modified 
Nash-Sutcliffe Efficiency (NSE*) (Nash and Sutcliffe, 1970) and NSE*-transformations  as 
objective (target) functions to test the model’s sensitivity to changes in parameter values. 
While it can be interesting to know the sensitivity of the relation between observed and 
measure values to changes in parameter values, the choice of a particular measure as objective 
function is determining. Objective functions should be carefully selected so that they exactly 
target the purpose of the SA (Shin et al., 2013). This requires thoughtful consideration and 
even then, the sensitivity results related to a particular objective function should be evaluated 
against the sensitivity results related to the defined prediction function. This is to avoid that 
parameters that are classified as non-influential in the objective function but influential in the 
prediction function would be fixed to simplify the model but as such lead to unrealistic 
modelling results (Shin et al., 2013). Therefore, in this SA, only a prediction function, the 
simulated final yield, was considered. If the balance between computational effort and 
relevant analysis output is to be made, we suggest to carefully select one (or more) relevant 
model output, rather than an objective function. 
 
5.4 Ranking variation due to environmental conditions 
To perform a general SA of the AquaCrop model, different environmental conditions were 
explored by selecting different crops, soils, climate types and meteorological characteristics. 
The results of this general, global SA showed that environmental conditions have an 
important effect on the relevance of AquaCrop parameters on yield output variability. Not 
only the effect magnitude, but also the parameter ranking and the importance of interaction 
effects differed. Considering this, performing an SA with the aim to fix non-influential 
parameter should either be done under diverse environmental conditions when general 
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findings are sought, or the case specificity of the list of parameters to be fixed should be 
emphasized. 
Even though in this SA, several diverse climate-crop-soil-meteorology combinations were 
explored, the list is not exhaustive and other environmental conditions may have another 
impact on the sensitivity ranking of the model parameters. Parameters that were shown to be 
non-influential under the environmental conditions tested in this SA, may be influential under 
other environmental conditions that were not explored. The findings of this study are thus 
conditional on the tested environmental conditions, such are the parameters that are proposed 
to be fixed for model simplification. Fixing their values should thus always be done with care. 
Yet, given the fact that in the diverse conditions of this study, the parameters were always 
non-influential, they are probably good candidates to be fixed for model simplification. 
Concerning the meteorological characteristics, the total seasonal precipitation was 
determinative for a distinction between seasons (dry, normal or wet). However, in many 
climates, not only the total amount but also the precipitation distribution has an important 
effect on the ranking and relevance of model parameters on output variability. It would be 
interesting to additionally evaluate the effect of precipitation distribution on parameter 
relevance and output sensitivity by performing SA under different conditions of precipitation 
intensity and duration. 
 
5.5 Influential parameters: a user-guide for model calibration 
The variation in sensitivity ranking due to environmental conditions implies that it is 
impossible to generate a universally valid list of important parameters of the AquaCrop model 
that should be prioritized during calibration or parameter tuning to local conditions. Yet, based 
on the study results under diverse conditions, thematic categories of parameters that merit 
attention when calibrating for local conditions are given in Table 3 for different conditions. 
The list of influential parameter identified in this SA can also be a guide for model developers 
to prioritize parameter estimation when providing parameter sets for crops not yet 
implemented in the model now. 
A number of parameters were identified in the Morris screening analysis to have a 
relatively low effect under diverse environmental conditions (den, flolen, hi, hingsto, hipsflo, 
hipsveg, kc, psto, pstoshp, sat). The EFAST analysis confirmed the low influence of these 
parameters. Figure 4 shows the maximum STi for all tested parameters according to the 
EFAST analysis among all different climate-crop-soil-meteorology combinations. Parameters 
with STi below an arbitrary threshold of 0.15, which means that they contribute less than 15% 
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of the yield output variance (i.e. ccs, flo, flolen, hi, hilen, hingsto, hipsflo, hipsveg, kc, pexlo, 
pexshp, sat), can be given any value in their predefined range by model users during 
calibration. Although these parameters are crop- or soil-specific, the model output is only 
slightly sensitive to value changes within the crop- or soil-specific range.  
Still, if it is within the user’s bounds of possibility to identify a set of influential 
parameters under the case-specific environmental conditions, performing a Morris analysis 
before model calibration is a good option. The Morris method was confirmed to be effective 
in identifying the most influential parameters without being very time-consuming, as has been 
previously suggested by Campolongo et al. (1999, 2007). The Morris method is certainly 
preferred over a local sensitivity analysis (Saltelli and Annoni, 2010) as this study showed that 
interaction effects are important in the AquaCrop model, indicating the dependence of 
parameter relevance and importance of other parameters.  
The present SA identified several root and soil parameters as influential on yield 
variability under many conditions, particularly when water availability is limited. This 
emphasizes the importance of a meticulous calibration of root and soil water characteristics. 
The same conclusion was found previously for other crop growth modelling methods (e.g. 
Pogson et al., 2012). This is an important result, especially because root and soil water 
characteristics are difficult to measure in the field. Likewise, these results are interesting for 
large-scale assessments. Considering different soil types over large areas can strongly 
influence the yield output.  
 
 
5.6 Non-influential parameters: directions for model simplification  
It was shown that for most conditions the AquaCrop yield output was not determined by a 
limited number of influential parameters, leaving a vast amount of parameters non-influential. 
Only for rice, grown in paddy fields, a single parameter, anaer, which describes the crop 
sensitivity to anaerobic conditions, dominates. This imbalance can be restored and the model 
can be simplified if anaer adopts a binary value: 0 for crops insensitive to anaerobic 
conditions like rice; 1 for other, sensitive crops. For a particular crop, anaer would thus be 
fixed.  
The SA showed there is room for further model simplification. The Morris analysis 
revealed a number of parameters (evardc, exc, hinc, pexup, polmn, polmx, ppol, rtexup, rtexlo) 
with negligible sensitivity (< 0.25 t·ha
-1
) for the yield output under a wide range of 
environmental conditions. Making the parameter values fixed could be considered to simplify 
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the AquaCrop model. Yet, when the sensitivity of another model output, i.e. crop 
transpiration, was checked, some non-influential parameters for yield output were shown to 
be influential for transpiration output. Changing the  parameters describing the water 
extraction pattern by the roots (rtexup and reexlo, with a stronger influence of the former) had 
an non-negligible impact on the transpiration output. Although the main target function of this 
study, crop yield, can be seen as a culmination of all growth processes (including crop 
transpiration) in the model and in reality, some parameters that were found non-influential for 
yield in this SA, were influential for intermediate processes. The closer to the culminant 
process of yield formation, the more processes and parameters are involved, and the less is the 
relative contribution of particular parameters that are mainly involved in processes that are 
early in the simulation chain, like crop transpiration in AquaCrop. Although yield output is the 
most relevant output of the crop productivity model AquaCrop, users may have interest in the 
correct simulation of crop transpiration. Therefore, it is suggested not to fix the values of the 
parameters rtexup and reexlo at this stage. It is unfeasible to test the sensitivity of a long list 
of, let alone all, model output variables to varying parameter values. Yet, if an SA is 
performed with the aim to identify non-influential parameters in order to fix their values and 
simplify the model, care has to be taken because non-influential parameters for a relevant 
(culminant) model output may be influential for other (intermediate) model outputs.  
Apart from rtexup and reexlo, the AquaCrop model contains a number of parameters that 
were shown to be non-influential under diverse environmental conditions and for different 
important model outputs (i.e. evardc, exc, hinc, pexup, polmn, polmx, ppol). Converting these 
parameter values to fixed values for different environmental conditions would mean that they 
appear as constants in calculation equations, which makes calibration of these former 
parameters redundant for model users. This would lead to a simpler model that maintains the 
rationale of the original model, but surpasses it in simplicity, while producing similar yield 
predictions in water-unlimited and water-limited conditions.  
Also worth mentioning for this water-driven model is the ranking of parameters describing 
crop responses to water stress (pexup, pexlo, psen, psto, and hingsto, hipsflo, hipsveg). The 
parameters describing the soil water depletion levels for induction of water stress (pexup, 
pexlo, psto, psen) are seldom ranked among the top five most influential parameters. Often, 
they were identified as being less influential than the parameters that describe the shape of the 
crop response function to water stress (pexshp, psenshp, pstoshp) or certain root and soil 
parameters (e.g. root, rtx, rtshp, and fc, pwp). The shape parameters are highly intertwined 
with the critical level parameters. However, the former have no physical meaning, whereas 
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the latter have physical sense and can more easily be calibrated when soil water content 
observations are available. Given the strong intertwinement, the model could be simplified 
when the shape parameters would be made a fixed value. The soil water depletion levels for 
induction of water stress would then become more influential.  
 
5.7 SA for model and system evaluation 
Both the critical level and the shape parameters for crop responses to water stress are mainly 
influential through interactions with other parameters, including root and soil parameters. This 
is a true reflection of the real interplay between different mechanisms in plant and soil in 
response to water deficits. The high model sensitivity to root and soil parameters may be 
regarded as a vulnerability of the model. Yet, it is the transcription of the significance of water 
availability for crop growth, more than a crop’s sensitivity to water stress, especially in drier 
conditions (e.g. MZd). It reveals the importance of true values for the root and soil 
parameters, although they are difficult to observe in the field.   
Unexpectedly, no parameters describing the effect of water stress on harvest index 
(hingsto, hipsflo, hipsveg) were identified as highly sensitive under the explored conditions, 
even though the parameters were allowed to vary within a broad range. It is known that the 
harvest index of crops is affected by water stress (Hsiao et al., 2007; Steduto et al., 2009). The 
effects are crop-specific and can have a positive or negative outcome on the harvest index.  
Although it is acknowledged that reproductive organs are less sensitive to water deficits than 
leaf growth, the effect of water stress on harvest index was more elaboratively developed in 
AquaCrop than for example in the ALMANAC model (Kiniry et al., 1992), which considers 
comparable processes (Raes et al., 2009; Steduto et al., 2009). So in AquaCrop, the simulated 
harvest index is function of the stress parameters pexup, psto and ppol, and of the parameters 
hingsto, hipsflo, hipsveg (for detailed algorithms for the simulated effects of stress on harvest 
index, see Raes et al. (2009)). Further exploration is recommended to better understand the 
relevance of the latter parameters for the model (and consider model simplification) or the 
dependency of their sensitivity on the explored environmental conditions.  
 
6 Conclusion 
A global SA, including a Morris screening and EFAST analysis, identified a number of 
influential parameters of the AquaCrop model. It was shown that the model’s yield output 
sensitivity to important parameters depend strongly on environmental conditions. Still, 
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thematic categories of parameters that merit attention when calibrating for local conditions 
were indicated for different cases. Also a number of non-influential parameters could be 
identified, which invited to formulate suggestions for model simplification. Even for the 
water-driven AquaCrop model, parameters describing crop responses to water stress were not 
often among those showing highest sensitivity whereas certain root and soil parameters were 
influential under many conditions. Next to the conclusions specific for the AquaCrop model, 
the analysis produced findings that can have a general interpretation and can be extrapolated 
to other models: sensitivity rankings were found to depend on environmental conditions and 
chosen target function (model output). Exploring these makes an SA more robust. Also prior 
parameter ranges influence the parameter ranking. Preferably, physically plausible values are 
chosen. When the Morris and EFAST method are being compared, similar but not identical 
ranking were observed. Although the exact position of parameters in the sensitivity ranking by 
both methods was not identical, the situation of parameters in the top, middle or lower part of 
the ranking mostly corresponded. 
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Figure captions 
 
Fig. 1 Average Morris mean effects (µ*) and spread (σ) for different conditions (acronym 
glossary: V: Vietnam; M: Malawi; B: Belgium; O: Oryza s. (rice); Z: Zea m. (maize); T: 
Triticum a. (winter wheat)). Error bars indicate variability (standard deviations) for different 
climatic conditions and soils. Parameter abbreviations are given in Table 1.  
 
 
Fig. 2 EFAST sensitivity profiles with main (first-order; black) and interaction (higher-order; 
grey) effects for different conditions (acronym glossary: V: Vietnam; M: Malawi; B: Belgium; 
O: Oryza s. (rice); Z: Zea m. (maize); T: Triticum a. (winter wheat); w: wet; n: normal; d: dry; 
c: cold; h: hot; s: loamy sand; l: siltloam). Parameter abbreviations on the x-axis are given in 
Table 1.  
 
Fig. 3 Variation of Morris mean effect (µ*) for different number of trajectories for maize 
grown in Belgium in a cold, wet year on a loamy soil. Grey areas indicate variation for the 
same number of trajectories.  
 
Fig. 4 Maximum EFAST sensitivity index with main (first-order; black) and interaction 
(higher-order; grey) effects across all environmental conditions. Parameter abbreviations on 
the x-axis are given in Table 1. 
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Fig. 1 
 
 
 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 
25 
 
Fig. 2 
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Fig. 3 
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Fig. 4 
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Table captions 
 
Table 1 Crop and soil parameters of the AquaCrop model considered in the SA 
 
 
Table 2 Selected environmental conditions (climate, meteorological conditions and soil) for 
three crops  
 
 
Table 3 List of insensitive parameters and categories of priority parameters for calibration of 
AquaCrop 
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Appendix 
 
Table A.1 Ranges of crop and soil parameters considered in this SA 
     Units 
 Winter wheat 
Temperate maritime 
(Belgium) 
Maize 
Temperate maritime 
(Belgium) 
Rice 
Sub-tropical humid 
(Vietnam) 
Maize 
Sub-tropical sub-humid 
(Malawi) 
 
CROP PARAMETERS 
Canopy and phenological development 
mat 2200-2400 1100-1300 1650-1850 1850-2050 GDD 
eme 90-230 30-100 35-80 50-130 GDD 
ccs 0.5-3.0 4.0-8.0 4.0-8.0 4.0-8.0 cm² 
den 2000000-3500000 60000-100000 900000-1200000 50000-100000 - 
cgc 0.004-0.008 0.010-0.016 0.005-0.009 0.010-0.016 fraction GDD-1 
ccx 0.75-1.00 0.75-1.00 0.75-1.00 0.75-1.00 fraction of 1 
sen 1750-2050 1050-1180 1080-1430 1650-1950 GDD 
cdc 0.006-0.012 0.007-0.013 0.003-0.007 0.007-0.013 fraction GDD-1 
hilen 320-880 300-750 330-800 730-1250 GDD 
flo 1400-1700 550-750 1000-1200 750-1000 GDD 
flolen 100-300 100-300 280-420 100-300 GDD 
Root development 
root 1200-2100 650-1100 300-450 500-2000 GDD 
rtx 1.00-2.00 1.00-1.50 0.40-0.60 1.20-2.00 m 
rtshp 10-50 10-50 10-50 10-50 - 
rtexup 0.020-0.030 0.020-0.030 0.045-0.050 0.015-0.025 m³ m-³ soil d-1 
rtexlo 0.005-0.010 0.005-0.010 0.010-0.014 0.003-0.01 m³ m-³ soil d-1 
Transpiration 
kc 1.05-1.15 1.00-1.10 1.05-1.15 1.00-1.10 - 
kcdcl 0.1-0.5 0.1-0.5 0.1-0.5 0.1-0.5 % d-1 
evardc 30-70 30-70 30-70 30-70  
Production  
wp 15-20 30-35 15-20 30-35 g m-² 
hi 50-55 48-54 40-46 46-50 % 
exc 20-300 20-300 20-300 20-300 % 
Water and temperature stresses 
pexup 0.10-0.30 0.10-0.30 0.00-0.20 0.10-0.30 fraction TAW 
pexlo 0.55-0.80 0.55-0.80 0.30-0.50 0.55-0.80 fraction TAW 
pexshp 0-6 0-6 0-6 0-6 - 
psto 0.50-0.80 0.50-0.80 0.40-0.60 0.50-0.80 fraction TAW 
pstoshp 0-6 0-6 0-6 0-6 - 
psen 0.60-0.85 0.60-0.80 0.45-0.60 0.60-0.80 fraction TAW 
psenshp 0-6 0-6 0-6 0-6 - 
ppol 0.70-0.95 0.70-0.95 0.70-0.85 0.70-0.95 fraction TAW 
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anaer 0-10 0-10 0-5 0-10 vol% 
hipsflo 0-10 0-10 0-10 0-10 % 
hipsveg 0.5-10.0 0.5-10.0 0.5-10.0 0.5-10.0 - 
hingsto 1-20 1-20 1-20 1-20 -  
hinc 15-35 15-35 10-35 15-35 % 
polmn 2-10 8-12 5-10 8-12 °C 
polmx 30-40 35-45 30-40 35-45 °C 
stbio 2-12 6-15 7-12 6-15 GDD d-1 
      
SOIL PARAMETERS  
 1-layered loamy 
sand 
1-layered siltloam 2-layered clay 1-layered sandy 
clayloam 
 
cn 55-75 64-86 68-92 64-86 - 
sat 36-40 44-48 52-56 43-47 vol% 
sat2 - - 53-57 - vol% 
fc 14-18 31-35 48-52 30-34 vol% 
fc2 - - 52-56 - vol% 
pwp 6-10 11-15 30-34 18-22 vol% 
pwp2 - - 37-41 - vol% 
ksat 680-920 128-173 10-20 105-145 mm d-1 
ksat2 - - 1-10 - mm d-1 
 
 
Table 1 
 Description Units 
CROP PARAMETERS 
Canopy and phenological development 
mat Total length of crop cycle from sowing to maturity Growing degree 
days (GDD) 
eme Period from sowing to emergence GDD 
ccs Soil surface covered by an individual seedling at 90 % emergence cm² 
den Number of plants per hectare - 
cgc Increase in canopy cover fraction GDD-1 
ccx Maximum canopy cover fraction of 1 
sen Period from sowing to start senescence GDD 
cdc Decrease in canopy cover fraction GDD-1 
hilen Period of harvest index building-up during yield formation GDD 
flo Period from sowing to flowering GDD 
flolen Length of flowering GDD 
Root development 
root Period from sowing to maximum rooting depth GDD 
rtx Maximum effective rooting depth m 
rtshp Shape factor describing root zone expansion - 
rtexup Maximum root water extraction in top quarter of root zone m³ m-³ soil d-1 
rtexlw Maximum root water extraction in bottom quarter of root zone m³ m-³ soil d-1 
Transpiration 
kc Crop coefficient when canopy is complete but prior to senescence - 
kcdcl Decline of crop coefficient as a result of ageing, nitrogen deficiency, ... % d-1 
evardc Effect of canopy cover in reducing soil evaporation in late season stage  
Biomass and yield production 
wp Water productivity normalized for ETo and CO2 g m-² 
hi Reference harvest index (HI) % 
exc Excess of potential fruits % 
Water and temperature stress 
pexup Upper threshold of soil water depletion limiting canopy expansion fraction TAW 
pexlw Lower threshold of soil water depletion limiting canopy expansion fraction TAW 
pexshp Shape factor for water stress limiting canopy expansion (0.0 = straight line) - 
psto Upper threshold of soil water depletion limiting stomatal conductance fraction TAW 
pstoshp Shape factor for water stress limiting stomatal conductance (0.0 = straight line) - 
psen Upper threshold of soil water depletion inducing early canopy senescence fraction TAW 
psenshp Shape factor for water stress inducing early canopy senescence (0.0 = straight line) - 
ppol Upper threshold for soil water depletion for pollination limitation fraction TAW 
anaer Anaerobic point below saturation limiting aeration vol% 
hipsflo Possible increase of harvest index due to water stress before flowering % 
hipsveg Coefficient for positive impact of restricted vegetative growth during yield formation on HI - 
hingsto Coefficient for negative impact of stomatal closure during yield formation on HI - 
hinc Allowable maximum increase of HI % 
Table 1
polmn Minimum air temperature limiting pollination °C 
polmx Maximum air temperature limiting pollination °C 
stbio Minimum growing degrees for full biomass production GDD d-1 
SOIL PARAMETERS 
cn Curve Number - 
sat Soil water content at saturation vol% 
fc Soil water content at field capacity vol% 
pwp Soil water content at wilting point vol% 
ksat Saturated hydraulic conductivity mm d-1 
 
Table 2 
 BELGIUM,  
NORTH-WESTERN EUROPE 
VIETNAM,  
SOUTH-EAST ASIA 
MALAWI,  
SOUTHERN AFRICA 
Climate temperate maritime sub-tropical humid sub-tropical sub-humid 
Meteorological 
conditions a 
dry: 335 mm rainfall;  
normal: 410 mm rainfall;  
wet-warm & wet-cold: 468 mm rainfall 
dry: 1569 mm rainfall;  
normal: 1867 mm rainfall; 
wet: 2166 mm rainfall 
dry: 680 mm rainfall; 
normal: 877 mm rainfall; 
wet: 1030 mm rainfall 
Soil siltloam (high TAW); loamy sand (low TAW) clay sandy clayloam 
Crop maize; winter wheat rice maize 
Growing season  Apr-Oct (maize); Oct-Aug (winter wheat) Apr-Oct Nov-Apr 
a
 based on seasonal rainfall: in Belgium from April to September; in Vietnam from April to October; in Malawi from 
November to April 
 
Table 2
Table 3 
List of insensitive parameters that can be fixed to any value within their predefined range: 
ccs, flo, flolen, hi, hilen, hingsto, hipsflo, hipsveg, kc, pexlo, pexshp, sat 
 
Categories of priority parameters according to governing environmental conditions 
√ Temperature stress 
NO Water stress 
NO Temperature stress 
NO Water stress 
NO Temperature stress 
√ Water stress 
▪ Canopy development 
▪ Crop cycle length 
▪ Cold stress 
▪ Water productivity 
 
 
▪ Soil water characteristics 
▪ Root development 
▪ Emergence 
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